Human immunodeficiency virus (HIV) transmission models that include variability in sexual behavior over time have shown increased incidence, prevalence, and acute-state transmission rates for a given population risk profile. This raises the question of whether dynamic variation in individual sexual behavior is a real phenomenon that can be observed and measured. To study this dynamic variation, we developed a model incorporating heterogeneity in both between-person and within-person sexual contact patterns. Using novel methodology that we call iterated filtering for longitudinal data, we fitted this model by maximum likelihood to longitudinal survey data from the Centers for Disease Control and Prevention's Collaborative HIV Seroincidence Study (1992)(1993)(1994)(1995). We found evidence for individual heterogeneity in sexual behavior over time. We simulated an epidemic process and found that inclusion of empirically measured levels of dynamic variation in individual-level sexual behavior brought the theoretical predictions of HIV incidence into closer alignment with reality given the measured per-act probabilities of transmission. The methods developed here provide a framework for quantifying variation in sexual behaviors that helps in understanding the HIV epidemic among gay men. disease transmission; gay men; HIV; HIV risk; iterated filtering; partially observed Markov process; sexual behavior Abbreviations: HIV, human immunodeficiency virus; LOESS, local regression scatterplot smoothing.
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Although the number of new human immunodeficiency virus (HIV) infections in the United States remained approximately stable from 1991 to 2006, the incidence rate in young gay men increased by 58% over the same period (1) . The increase in transmission rates is difficult to explain in the context of a virus with a low per-act probability of transmission (2) (3) (4) and the availability of effective modes of prevention, such as condoms and antiretroviral medication (5).
Vittinghoff et al. (6) found that unprotected receptive anal sex results in HIV infection at a probability of 0.0028 per contact. Standard epidemiologic theory based on homogeneous, well-mixed populations (7) predicts that an HIV prevalence of 21%, which is consistent with estimated prevalence among men who have sex with men (8) , could be reached only if each individual had 15 new sexual partners per year for an average of 30 years. Such a high level of homogeneous, sustained high-risk behavior seems improbable.
The inconsistency between rising rates of man-to-man HIV transmission and observed contact rates and transmission probabilities has been addressed by decades of theoretical work, including analysis of risk groups (9-11), enduring partnerships (12) (13) (14) , natural history of infection (15, 16) , and variability in the level of risky sexual behavior over time, termed episodic risk (10, (17) (18) (19) . All of the above factors, excluding episodic risk, have been empirically well characterized. Resolving whether or not episodic risk is a real, measurable phenomenon will help epidemiologists to parameterize more realistic models of HIV transmission dynamics.
A conceptually simple typology of HIV risk factors that illustrates the issues at play divides along 2 basic axes: population versus individual and between-units versus within-units. For example, the prevalence of intravenous drug use (an aggregate feature) in Sweden versus Latvia (prevalence between 2 populations) helps to explain the differential spread of HIV in those populations (20, 21) . Between-person risk factors for the spread of HIV are well known: anal sex, unprotected sex, and birth to an infected mother, for example. Considering all possible partners, a person who never has unprotected receptive anal intercourse is at lower risk than someone who does. However, the behaviors of individuals and whole populations are not constant over time, producing within-unit variation over time.
In this paper, we aim to illustrate a broadly applicable statistical framework for estimating both within-person and between-person episodic risk parameters from a longitudinal data set of male-male sexual contacts. Our method relates an underlying model of dynamic variation in sexual contact rates to aggregate count data in variable observation periods. A methodological innovation we illustrate in this paper is the application of iterated filtering methods (22, 23) , originally developed for investigating mechanistic models using time series data, to fit models in a longitudinal study with data consisting of many short time series. Finally, we demonstrate the influence of episodic risk on epidemic dynamics by simulating potential epidemic trajectories from a simple stochastic model.
METHODS

Sexual contact data
The data in this study came from a large cohort of HIVnegative gay men in 3 US cities (San Francisco, California; Denver, Colorado; and Chicago, Illinois) who reported having had either anal sex or receptive oral sex with ejaculation in the previous 6 months. The data were collected beginning in 1992, as described by Vittinghoff et al. (6) . The men were asked about the numbers and types of their sexual contacts over the course of 3 follow-up interviews. A total of 882 men completed the initial interview and 3 follow-up interviews, for a total of 2 years of observation per person divided into four 6-month observation periods.
We aggregated the count data into broadly relevant behavioral categories: total number of sexual contacts (any type), anal acts, oral acts, protected sex, unprotected sex, sex with a partner of unknown HIV status, and sex with a partner believed to be HIV-positive. For example, the anal sex category included all reported instances of anal sex, regardless of whether or not they were protected, insertive, or with an HIV-positive partner. However, the only type of oral contact measured in the study was unprotected receptive oral sex with ejaculation.
The data did not differentiate between contacts made with long-term partners and those made with short-term partners, such that we could not disentangle the rate of partnership formation from the rate of sexual contact itself.
A descriptive model of contact rates that accounts for between-person and within-person variation Romero-Severson et al. (24) identified 4 features of contact rate data that should be included in a statistical model of contact rates: 1) heterogeneity between individuals, 2) heterogeneity within individuals over time, 3) individual-level autocorrelation, and 4) secular trend over the duration of the cohort study. Figure 1 shows plots of these 4 factors in the data. To model these phenomena, we suppose that each individual has a latent rate X i (t) of making contacts of a specific type. Each data point, y ij , is the number of reported contacts for individual i between time t j−1 and time t j , where i = 1, . . . , 882 and j = 1, . . . , 4. The unobserved process {X i (t)} is connected to the data through the expected number of contacts for individual i in reporting interval j, which we write as
where α is an additional secular trend that accounts for the observed decline in reported contacts. A basic stochastic model for homogeneous count data would model y ij as a Poisson random variable with mean and variance equal to C ij (25) . However, the variance in the data is much higher than the mean value of the data distribution (24) . To account for this, we assume that the data are negative binomially distributed (26, 27) , which is a generalization of a Poisson distribution that allows for increased variance for a fixed mean. This leads to the model
with mean C ij and variance C ij þ C To model this autocorrelation, we suppose that individual i has behavioral episodes within which X i (t) is constant but the individual enters new behavioral episodes at rate R i . At the start of each episode, X i (t) takes a new value drawn from a gamma distribution with mean μ X and variance σ X :
To complete the model, we also assume gamma distributions for D i and R i :
The parameters σ X , σ D , and σ R control individual-level differences in behavioral parameters, allowing the model to encompass a wide range of sexual contact patterns. Figure 2 shows one possible realization of the model for a single individual. The distinction between the effects of the rate at which new behavioral episodes begin, R i , and the dispersion parameter, D i , is subtle, since both model withinperson variability. The signal in the data about distinct behavioral episodes could be overwhelmed by a high variance in the number of reported contacts resulting from a low value of D i . Whether the data are sufficient to identify both R i and D i is an empirical question that we address below.
Likelihood-based parameter estimation and model selection
Our stochastic dynamic model for contacts was a partially observed Markov process (Web Appendix 2; see also Bretó et al. (28)). Likelihood-based inference was carried out using iterated filtering (22) implemented in pomp, version 0.43-4 (29), running in R2. 15.3 (30) . Iterated filtering is a Monte Carlo algorithm which computes the maximum likelihood estimate for partially observed Markov process models. Filtering is the numerical computation of estimating unobserved states and evaluating the likelihood function for a partially observed Markov process. Iterated filtering carries out multiple filtering operations using a sequential Monte Carlo filter, with perturbations in the unknown model parameters designed so that successive filtering operations converge toward the maximum likelihood estimate. The sequential Monte Carlo method is a flexible nonlinear non-Gaussian filtering method, also known as the particle filter (31), in which the unknown distribution of the latent dynamic variables is represented by a Monte Carlo sample from this distribution (known as a swarm of particles). Successive iterations of the filtering process make successively smaller perturbations to the parameters, with the heuristic that the optimization process is cooling toward a freezing point which is theoretically guaranteed to be a local maximum of the likelihood function 
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Am J Epidemiol. 2015;182(3):255-262 (23) . Increasing the number of particles and increasing the duration of the cooling process may improve the practical performance of the algorithm, while adding to the computational expense. All optimizations were calculated by running sequential, fast-cooling particle filters (200 particles, 100 iterations, cooling factor 0.95). At the end of each optimization, the loglikelihood was estimated by a running a single-pass particle filter with 10 5 particles. A new particle filter was initialized at the current best parameter set and run using the same fastcooling strategy.
Profile likelihood methods were used to compute maximum likelihood estimates and confidence intervals for each type of sexual contact by means of the selected model (Table 1 , Web  Figures 1-9 ). The process of applying sequential particle filters was stopped once the profiles appeared to be unchanged by further applications of the particle filter. The maximum likelihood estimates reported in Table 1 were found by fitting a local regression scatterplot smoothing (LOESS) curve to the profile likelihood and finding its maximum (32) . The confidence intervals were obtained by finding the points on either side of the LOESS curve that were 1.92 log-likelihood units below the maximum likelihood estimate. The reported loglikelihood was the maximum of the likelihoods for each profile for a given contact type. Nested models can be compared using likelihood ratio tests (33) and nonnested models by Akaike's Information Criterion (34) . Either way, evidence for a parameter is strong if addition of that parameter increases the maximized likelihood by much more than 1 log unit.
Simulation from a simple epidemic model with time-variable contact rates
Simulations of the epidemic dynamics assuming the timevariable contact rates implied by our analysis were coded as Markov chains in R3.0.3 (30) . Individuals were assumed to be either susceptible (S) or infected (I) and to select partners randomly proportional to their contact rates. At entry into the sexually active population, individuals were assigned a contact rate X i ∼ Gamma(μ X , σ X ) and an overdispersion parameter
To simulate the trajectory of the system, we evaluated the probability of each event over a period of 1 month. Given that the model parameterization implies much less than 1 infectious contact per month, this time step is reasonable. At each step we determined, in order: 1) which individuals became infected; 2) which individuals started a new behavioral episode; 3) which individuals died or were otherwise removed; and 4) how many new individuals entered the system. In our simulations, each susceptible individual makes Q i ∼ NegBin(X i , D i ) contacts per month. Of those, Binomial (Q i , η I β/(η S + η I )) contacts are infective, where η S = ∑ j∈S Q j is the total number of contacts made by susceptible individuals, η I = ∑ j∈I Q j is the total number of contacts made by infected individuals, β is the per-act probability of transmission, and Binomial(n, p) is the binomial distribution with mean np and variance np(1 − p). A susceptible individual who has 1 or more infective contacts in a month becomes infected. Each individual redraws a new Gamma(μ X , σ X ) contact rate each month with probability 1 − exp(−μ R ). Susceptible and infected individuals are removed with probability (1 − exp{−ζ}) and (1 − exp{−(ζ + δ)}) per unit of time, respectively, where ζ is the general rate of removal and δ is the death rate for infected individuals. In each unit of time, a constant number of new susceptible individuals is added (i.e., the smallest integer greater than κ/ζ) so that the long-run, infection-free population size is approximately κ. In all simulations, κ = 3,000, ζ = 1/(40 × 12) contacts/month, and δ = 1/(10 × 12) contacts/month. Table 2 shows strong evidence (>50 log units of improvement in the likelihood) for each parameter excluding σ R (between-person heterogeneity in the length of a behavioral episode). The full model with σ R is no better than the model without σ R . With perfect likelihood maximization, model 6 can only have a higher maximized likelihood than model 5, since it contains model 5 when σ R = 0. We explain the lower maximized likelihood for model 6 to be a result of the numerical difficulty of maximization for this more complex model, combined with no substantial statistical benefit from including this additional complexity. Therefore, for subsequent analysis, we adopted model 5 and fixed σ R = 0.
RESULTS
Model selection
Standard deviation of the number of contacts and between-person heterogeneity
The empirical sample mean and sample standard deviation were 1.53 contacts/month and 3.28 contacts/month, respectively. The maximum likelihood parameters are shown in Table 1 and Figure 3 . All types of sexual contact showed high levels of between-person variability (high σ X ), suggesting long-term differences in individual contact rates. However, for every contact type, σ X was lower than the empirical between-person standard deviation. For total contacts, σ X was 19% lower than the empirical between-person standard deviation, and the confidence interval for σ X did not include the empirical standard deviation. This discrepancy arises because the raw standard deviation captures both within-person and between-person variance. Consider a population with no between-person variability in contact rates (in the long run, everyone has the same number of contacts) but a high level of within-person variance. If we observed that population for a limited period of time, we would see some persons with apparently high contact rates and some with low contact rates. The difference between those individuals is due solely to chance variance about a shared average contact rate. Studies that use the empirical standard deviation of contact rates to model between-person heterogeneity will overestimate its magnitude.
High levels of both between-person and within-person variability
The mean overdispersion (μ D ) is interpreted relative to Poisson variability. In the limit, as μ D approaches infinity, the number of observed contacts becomes Poisson-distributed with the rate determined by the integration of contact rates over behavioral intervals, C ij . Decreasing μ D increases the variance in the number of observed contacts without changing its mean. For each contact type (excluding HIV-positive and oral contacts), the average degree of overdispersion is relatively small (larger values of μ D ). However, the overdispersion parameter is highly heterogeneous in the population (high σ D ), implying the coexistence of persons with either highly stable (Poisson-like) or highly variable patterns of sexual contact over time. For most contact types, the average duration of time for which an individual has a constant average contact rate is approximately 2 years (μ R = 0.04 contacts/month). Therefore, the statistical evidence for a rate μ R > 0 suggests that redrawing contact rates (i.e., episodic behavior) is allowing additional within-person variance that is not fully accounted for by μ D and σ D . Unlike the overdispersion described by μ D and σ D , this kind of behavioral change is on the appropriate time scale to correspond to structural life changes, such as formation of new partnerships.
Transmission models parameterized from cross-sectional versus longitudinal data
In the counterfactual case where the data set that we analyzed here was, in fact, a cross-sectional survey (i.e., collapsed over observational periods), we could still estimate between-person variability. In that case, we might consider the simple model in which individuals are characterized by a single contact rate drawn from a population distribution. To parameterize that distribution, we might consider the sample mean (1.53 contacts/month) and sample standard deviation (3.28 contacts/month) as estimates of μ X and σ X , respectively. Figure 4 shows a comparison of the dynamics under 3 alternative parameterizations to illustrate that problems might arise when considering cross-sectional data alone. The dashed line illustrates random realizations of a stochastic model without any heterogeneity in which the contact rate is set to the sample mean monthly contact rate. The dotted line illustrates random realizations of a stochastic model in which the average contact rate is set to the sample mean monthly contact rate and the population standard deviation of contact rates is set to the sample standard deviation. The solid line shows the dynamics with the maximum likelihood parameters from the total contacts. In the context of this simple model, inclusion of episodic risk parameters estimated from the data greatly increases the prevalence of infection. In our simulations, after 35 years (omitting runs that died out), the average prevalence was 0.6% in the "homogeneous" case, 15% in the "between heterogeneity" case, and 20% in the In the "homogeneous" case (dashed line), the epidemic was simulated with μ X estimated by the sample mean (1.53 contacts/month) without any sources of between-person or within-person heterogeneity. In the "between heterogeneity" case (dotted line), the epidemic was simulated with μ X estimated by the sample mean (1.53 contacts/month) and σ X estimated by the sample standard deviation (3.28 contacts/ month). In the "within + between heterogeneity" case (solid line), the epidemic was simulated with each parameter set to the estimated maximum likelihood estimate for total sexual contacts (all types). For all situations, the per-contact probability of transmission was set to 1/ 120, the average length of infection was set to 10 years, and the infection-free equilibrium population size was set to 3,000. The percontact probability was selected such that the basic reproduction number in the "homogeneous" case was 1.53. In the "homogeneous," "between heterogeneity," and "within + between heterogeneity" cases, respectively, 239 of 500, 172 of 500, and 95 of 500 simulations died out before the 100-year mark.
"within + between homogeneity" case ( Figure 4) , which is closer to the 21% reported for the US gay male population (8) . Although this model is too simple to capture the full complexity of HIV transmission dynamics, it illustrates the potential role of heterogeneity within and between individuals in the theoretical explanation of observed HIV prevalence.
Contacts made with HIV-positive partners
All types of contacts except those made with a person known to be HIV-positive had an empirical mean close to μ X . The empirical rate of contact with a person known to be HIV-positive (0.33 contacts/month) was much lower than the estimated value of μ X = 1.62 contacts/month. This discrepancy is due to the fact that contacts of this type showed a particularly high variability both within and between individuals. While many individuals reported consistent contact with an HIV-infected person over the course of the study, many also reported changes of more than 100 contacts between 6-month observation periods. This particular combination of both stable and highly variable contact patterns is difficult to model within our framework given the available data, making the results for this contact type less reliable.
DISCUSSION
In this paper, we have demonstrated application of a new general statistical framework for estimating both within-person and between-person variance in sexual behavior over time based on iterated particle filtering. This method provides a general approach for fitting arbitrary models to longitudinal behavioral data that could be expanded to include more complex and realistic behavioral models as more data become available. We showed that even in relatively short time series, we can discern the signature of significant within-person behavioral variability. Our model is general enough to account for both within-person and between-person variability for all observed contact types, excluding contacts made with a person believed or known to be HIV-positive.
There is a large body of work studying how behavior is modified in response to changing attitudes or perceived risk (35) , such as serosorting of HIV-positive persons (36) . That literature is largely focused on how otherwise static behaviors change in response to various external conditions. To our knowledge, our paper is the first to demonstrate empirically that sexual behavior can be highly variable in general-that is, that the assumption of static behavior is potentially problematic. The specific causes of the dynamic variation in sexual behavior we observed remain unknown.
Previous theoretical work has shown that episodic risk can greatly increase the rate of HIV transmission, especially from persons recently infected (10, 19, 18) . A key effect of episodic risk observed in those papers was the maintenance of a highrisk susceptible pool that sustains the epidemic at higher levels than would otherwise be observed. In a population with only between-person heterogeneity, the highest-risk individuals (e.g., persons with high contact rates) become rapidly infected, while the remaining lower-risk individuals are more slowly infected. Episodic risk alters these dynamics by allowing all individuals to experience brief episodes of high-risk behavior that leads to both elevated population risk and elevated acute-stage transmission. Episodic risk should be considered in the broader theoretical framework for understanding the rising HIV incidence among men who have sex with men in the United States.
Our analysis had important limitations that should be addressed in the collection and analysis of future data sets. First, the data were old (collection began in the early 1990s), which may limit their relevance to contemporary transmission dynamics. However, given the widespread availability of new treatment options in the 1990s that changed the perception of HIV risk, having a baseline estimate of how sexual behavior changes over time will provide context for future analyses. We did not find any newer studies in which investigators specifically reported counts of particular sex acts over time. Often, behavioral data were measured in terms of risk factors, such as whether the interviewee had had unprotected anal sex at least once in some previous time interval, rather than specific counts. Although we suggest caution regarding how these results are implemented in future models, we have demonstrated that episodic risk is a real and measurable phenomenon. Future studies will help clarify the contemporary nature of episodic risk.
The method developed in this paper could be readily expanded to other populations for which longitudinal behavioral data are available. The ideal data set would record the time of each contact and with whom the contact was made rather than collect aggregate counts over specified observation periods. Our method could be easily modified to obtain maximum likelihood estimates from potentially complex behavioral models with such data. Future work on episodic risk could include demographic and contextual covariates (such as age, relationship status, or drug use) that could be used to compile a more complete picture of how sexual behavior changes over the course of a person's lifetime. We recommend that future modeling studies for pathogens with long infectious periods include the potential for within-person variability in behavioral parameters, and we emphasize that, despite its cost, collecting longitudinal data on sexual behavior is essential for understanding and preventing HIV transmission.
